We construct 14 alternative measures of technological progress for 19 OECD countries over the period 1970-2000, distinguishing between measures of productivity gains actually obtained in a given country (TFP growth, Malmquist index) and technological progress at the world technology frontier (potential TFP growth, the "frontier shift" index). We then compare these measures according to a range of characteristics, shedding light on some of their relative weaknesses and strengths. We find that these characteristics are sensitive to the precision of estimates of the world technology frontier, and then we demonstrate that this precision can be increased substantially by allowing for imperfect substitutability between unskilled and skilled labor and using US state-level data apart from cross-country data for estimating the world technology frontier. Because none of the 14 measures dominates all others on all dimensions, we conclude that the choice of appropriate measurement method should be suited to the question addressed in each particular study.
Introduction
Since the seminal work of Solow (1957) technological progress has been casually identified with growth of residual productivity, an umbrella term containing everything that could not be traced back to the accumulation of factors of production, included in the aggregate production function. It is however uncertain -and competing methodologies provide conflicting clues on that -what exactly this production function should be. The objective of the current article is to investigate this matter more closely.
Rather than trying to provide direct empirical evidence on the actual shape of the production function, we shall remain agnostic about it and instead carry out an indirect study focusing on the properties of 14 alternative specifications of technological progress (i.e., growth of residual productivity). In particular, we will investigate the following measures: two versions of total factor productivity (TFP) growth, four versions of potential TFP growth, four measures of shifts in the world technology frontier (WTF), and four Malmquist indices. By contrasting the standard TFP growth-based approach with non-parametric approaches based on deterministic frontier models, 1 we will show which predictions regarding technological progress across countries are robust to changes in the production function specification, and which are not.
The contribution of the current article to the literature is thus to provide a synthetic, numerical assessment of the relative advantages and disadvantages of a number of approaches to the measurement of technological progress across countries. To this end, we will compute (i) the fraction of growth in GDP per worker explained by the technological progress (residual) component in each of the 14 specifications, and (ii) the explained fraction of its cross-sectional and intertemporal variance. We will also calculate the correlations of these residual measures with productivity growth as well as ex post prediction errors when productivity growth is predicted as the factor-only component. The focus of the study will be with 19 high-income OECD countries in the period 1970-2000.
The novelty of the current study is twofold. First, we are probably the first to bring together several alternative methods of measurement of technological progress across 1 See, among others, Färe et al. (1994) , Kumar and Russell (2002) countries, including both parametric and non-parametric ones, with the objective of comparing their properties. Second, 10 of our 14 measures of technological progress are based on estimates of the world technology frontier computed with an auxiliary use of US state-level data, an approach which is likely to improve the precision of these estimates markedly, and which has not been analyzed in the literature yet.
From our results, a clear picture emerges that there are actually two entirely different and complementary groups of measures of technological progress: productivity gains actually obtained in a given country (TFP growth, Malmquist index), and technological progress at the world technology frontier (potential TFP growth, the "frontier shift" index). The differences between these two groups of measures are visible in almost all analyzed characteristics. To emphasize them further, we also carry out a confirmatory factor analysis and justify the validity of two composite measures obtained when the variables are considered as dimensions in respective summary scales.
In the end, the bottom line of the study is that the researcher's choice of method of measuring technological progress across countries should always be selected in accordance with the analyzed research question. There is no unique best choice; on the contrary, all "goodness of fit" measures vary significantly with changes in methodology, and different methods are best in explaining average productivity growth rates, and different methods excel in capturing their variance. The only two general rules are that in principle, (i) the precision of frontier estimates matters a lot for the predictions on technological progress, especially if progress at the world technology frontier is considered, and that (ii) the results of our non-parametric analysis indicate marked departures from the Cobb-Douglas benchmark and from perfect substitution between skilled and unskilled labor.
As far as the methodology of the current article is concerned, it should be mentioned that even though each of our 14 measures of technological progress is based on a different methodology and/or dataset, we in fact disregard several alternative methodologies which could potentially be used for our purposes as well. First of all, we omit the strand of literature which deals with CES production functions (e.g., Duffy and Papageorgiou, 2000; Antràs, 2004) . Clearly, relaxing the Cobb-Douglas production does not imply the need for an immediate jump into the "extreme" non-parametric case where no explicit functional form of the production function is assumed, and the class of CES production functions is perhaps the most natural extension of the CobbDouglas baseline. Secondly, we also do not consider stochastic frontier models here (see e.g., Steel, 1999, 2000; Kumbhakar and Knox Lovell, 2000; Bos et al., 2010) . Adopting a methodology based on such models could however help us span a natural bridge between simpler approaches based on Cobb-Douglas or CES production functions, and the non-parametric approaches considered in the current paper.
Another advantage of stochastic frontier models is that they offer both an assessment of distance of each country to the WTF -a concept which is at heart of the current analysis -and an explicit statistical treatment of the estimation error -a feat which our methodology does not offer. They also allow more sophisticated functional forms to be estimated than just Cobb-Douglas or CES: perhaps the most popular one in this literature is the relatively flexible translog production function, allowing for systematic devations from constant returns to scale and a constant elasticity of substitution. A comparison between deterministic non-parametric, and stochastic parametric frontier models should thus be considered as an important task for further research. Yet another question which ought to be addressed in near future is, how large is the uncertainty in The article is structured as follows. In Section 2, we specify the 14 alternative measures of technological progress. In Section 3, we describe our dataset. In Section 4, we provide our main results regarding the quality and usefulness of each particular measure of technological progress. Section 5 provides evidence why it is important to distinguish between measures of technological progress at the frontier and in each given country. Section 6 concludes.
Measurement of technological progress 2.1 Information sets
In the current study, we consider 14 alternative specifications of technological progress.
This multiplicity can be logically grouped into four categories of specifications according to the information set used for computing the rate of technological progress, oralternatively -into four categories differing in methodology. These two complementary dimensions naturally lead to a 4 × 4 matrix with the four alternative information sets used for inferring about the shape of the WTF in columns and the four methodologies of construction of the production function in rows. Hence, in columns of this matrix we put information sets I i , i = 1, 2, 3, 4:
• I 1 : data on OECD countries and US states, including GDP per worker and the stock of physical capital per worker;
• I 2 : data on OECD countries only, including GDP per worker as well as physical and human capital per worker;
• I 3 : data on OECD countries and US states, including GDP per worker as well as physical and human capital per worker;
• I 4 : data on OECD countries and US states, including GDP per worker, physical capital and the stocks of unskilled and skilled labor per worker.
Having defined the information sets as above, we immediately note the following nesting relationships:
The obvious advantage of using I 3 over I 1 is that human capital is widely agreed in the literature to be one of the important factors driving short-to-medium run productivity growth and convergence, and thus omitting it overstates the role of residual productivity growth.
The advantage of using I 3 over I 2 comes from the fact that the US are a country with substantial internal heterogeneity in productivity, which always spans the world technology frontier (WTF hereafter) when considered as a single data point (cf. Henderson and Russell, 2005). Hence, we expect that the WTF will be estimated with less precision when internal heterogeneity of the US is disregarded than in the case when the particular US states are included in the dataset as well. One possible disadvantage of using larger information sets instead of smaller ones is, on the other hand, that all our macroeconomic variables are measured (constructed) with inevitable error, and some of these errors may cancel out in the aggregate case but (unwillingly) drive some of our results in the disaggregate case.
Methods of measurement
If the four information sets are arranged in consecutive columns of the 4×4 matrix, then in its rows we put the following four alternative methods for computing technological progress, sorted according to increasing methodological sophistication:
1. TFP growth rate from a Cobb-Douglas production function, computed using either only physical capital and labor as inputs (in the first column of the matrix), or both physical and human capital (other three columns). This measure captures growth of the Solow residual:
respectively, where α takes the "consensus" value of 1/3 (Kydland and Prescott, 1982 y denotes output per worker, and the stock of labor drops out due to constant returns to scale.
2. Potential TFP growth rate from a Cobb-Douglas production function, computed using either only physical capital and labor as inputs (in the first column of the matrix), or both physical and human capital (other three columns). This measure captures growth of the "potential" Solow residual:
respectively, where α = 1/3 and y * is the maximum output per worker attainable given inputs. This number is evaluated from the world technology frontier, computed using data from the particular information set I n , n = 1, 2, 3, 4, according to the non-parametric Data Envelopment Analysis (DEA) algorithm (cf. Fried, Knox Lovell, and Schmidt, 1993) . By x we denote the country-specific vector of inputs: x t = k t for the information set I 1 , x t = (k t , h t ) for I i , i = 2, 3, and
3. Rate of technological progress at the world technology frontier (WTF), computed from a production function constructed with the non-parametric DEA algorithm, using the information set I n , n = 1, 2, 3, 4. The formula for the relevant growth rate is
This measure isolates the effects of technological progress at the WTF from the effects of factor accumulation and movements along the WTF. 4. The Malmquist productivity index, computed from a production function constructed with the non-parametric DEA algorithm, using the information from set I n , n = 1, 2, 3, 4. The formula for the relevant growth rate is
where E t measures technical efficiency, i.e. the percentage of maximum attainable output which is actually produced by the given country: y t = E t · y * t . Since the Malmquist index is a product of the efficiency ratio and the WTF shift factor, it both isolates the effects of technological progress at the WTF from effects of factor accumulation and movements along the WTF, and captures technological progress actually observed in a given country. The following two facts are also worth noting. First, measurement of TFP growth across countries does not change whether we include US states in the dataset as well or not. Second, there is (unfortunately) no clear consensus in the literature on the elasticity of substitution between skilled and unskilled labor which could then be inserted as a "human capital" aggregate into a Cobb-Douglas production function with physical and human capital (cf. Caselli and Coleman, 2006) . In earlier literature where human capital was treated as homogenous factor, this elasticity was assumed to be infinite. We replicate this assumption here to conform with that literature, and hence our measure of TFP growth boils down to the same number in the cases of all three information sets I 2 , I 3 , I 4 , resulting in two empty slots in our 4 × 4 matrix.
A diagram of relationships among all specifications and information sets is presented in Figure 1 . To distinguish between measures of technological progress along the WTF and measures of progress actually observed in each given country, we have indicated this discrepancy in the diagram by coloring the boxes representing the first group of approaches in red, and the other group -in blue.
Data Envelopment Analysis
As is visible in the preceding discussion, in three of the four methodologies for computing technological progress across countries we view the technological developments in each country as relative to some estimate of the world technology frontier. Knowing the maximum attainable (frontier) productivity given factor inputs in country i at time t, y * t (x it ), is thus crucial for obtaining these measures of technological progress. To obtain the estimates of productivity at the WTF, i.e., the best-practice production function, we use the nonparametric DEA algorithm, introduced to macroeonomics by Färe et al. (1994) of the boundary of this cone for which output is maximized given inputs, i.e. as a convex hull of production techniques (input-output configurations) used in the current data. For each country i and period t, the DEA method provides a decomposition of output y it :
the "vertical" distance of country i to the technology frontier at time t.
Since each dataset contains a finite number of data points, one for each territorial unit and each year, by construction the DEA-based production function will be piecewise linear and its vertices will be the actually observed efficient input-output configurations. A detailed description of the DEA procedure is available e.g. in Fried,
Knox Lovell and Schmidt (1993).
Data
The dataset used in the study covers 19 highly developed OECD countries: Australia, Austria, Belgium, Canada, Denmark, Finland, France, Greece, Ireland, Italy, Japan, Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, United Kingdom, and
United States, as well as 40 US states.
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The sample covers the period 1970-2000, in 5-year intervals. Even though the frequency of the data is low, due to the limited availability of human capital data, it is nevertheless sufficient the purposes of the current study which focuses on medium-to-long run phenomena. All the data we are using are set in per worker terms.
International data on GDP and GDP per worker are taken from the Penn World Tables 6.2 . The procedure for constructing state-level physical capital data for our study is more complicated due to missing data. Description of the imputation process can be found in the appendix.
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Country-level human capital data have been taken from de la Fuente and Doménech (2006), and US state-level human capital data -from the National Priorities Database. 4 We dropped Germany due to the presence of the unification shock in the data, Luxembourg because of its extraordinarily high productivity primarily due to specialization and the activity of multinational firms, and the following US states: AK, CO, DC, DE, LA, NV, NH, NM, UT, WV, WY, due to reasons such as high oil extraction rents, specialization, special tax status, etc. The precise reasons for these omissions are discussed in the appendix. 5 Two alternative methods for computing TFP growth have recently been proposed by Burda and Severgnini (2008) . These methods do not require one to construct the physical capital series. We do not apply these methods here because capital stocks are necessary for computing the three measures of technological progress other than TFP growth as well, and because we want to maintain strict comparability between the methods throughout the whole study. 
where s represents years of schooling, and φ(s) is a concave piecewise linear function (cf. Caselli, 2005 ):
Furthermore, assuming that everyone who has not completed high school is counted as unskilled, and everyone who has completed it -as skilled, we decompose the overall scale of human capital per worker into its two components:
the cutoff point at high school level seems adequate for OECD economies are typically technologically advanced and highly capitalized.
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For any further caveats carried forward by our dataset, please consult the appendix. 6 It might be set too high if developing economies were to be considered as well, though (cf. Caselli and Coleman, 2006).
Main results

Technological progress across OECD countries, 1970-2000
Let us now pass to the presentation of our foremost set of results: technological progress rates across the 19 OECD countries in our sample, for the entire period 1970-2000, calculated according to each of the 14 specifications. These results are summarized in Table 1 . Please note that the last row in that table contains unweighted cross-country averages, computed as annualized growth rates from the geometric averages of the respective 2000/1970 ratios of technology levels.
From Table 1 we observe that expanding the information set from I 1 or I 2 towards I 4 , as well as using more and more sophisticated measurement strategies, generally decreases the estimates of technological progress rates. This is because by allowing more degrees of freedom in the production function, we allow it to fit the observed patterns of factor accumulation and productivity growth better, and so there is less space left for residual productivity growth.
Even more importantly, already at this point we observe the importance to distinguish between measures of "genuine" technological progress at the WTF (in our case, potential TFP growth and the WTF shift factor), and measures of technological progress actually observed in each given country (TFP growth and the Malmquist index). The first discrepancy is that for the former group of measures, technological progress is by construction constrained to non-negative rates. Since our methodology includes the assumption that all input-output configurations, once used, remain available forever, technological regress at the frontier is impossible. For the latter group of measures, in contrast, technological progress can easily be negative: if only productivity growth is outpaced by the rate of factor accumulation, then this difference will be reflected in a fall in technical efficiency, and the residual measure of technological progress will become negative. We in fact observe exactly this kind of dynamics in our data in Japan, Portugal, Spain, and Greece in the case where both physical and human capital per worker are included in the production function. The second discrepancy is that technological progress at the WTF is positively correlated to the initial capital stock (cf. Kumar and Russell, 2002; Jerzmanowski, 2007) and negatively correlated with the rates of subsequent productivity growth, whereas technological progress in a given country, due to taking account of efficiency changes as well, is more dispersed across countries and correlates positively with overall productivity growth and the initial stock of human capital. All these regularities are visible in Figure 2 .
7
One should note, however, that the results presented in Table 1 and Figure 2 overall productivity growth and inital physical and human capital stocks.
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GDP growth Here and in further tables: "TFP" denotes TFP growth. "Pot" denotes potential TFP growth. "WTF" denotes the rate of WTF shift. "Malm" denotes the Malmquist index.
Accounting for productivity growth
We shall now turn to the analysis of most important properties of the alternative methods of measurement of technological progress. The first of those properties is the ability to explain productivity growth, summarized in Table 2 and Figure 3 . The numbers in Table 2 are unweighted averages over countries (in the cross-sectional case), or over countries and time periods (in the panel case), of percentages of productivity (GDP per worker) growth attributed to factor accumulation and technological progress in each of the specifications. The larger is the share of factors in this decomposition, the better is the fit of the underlying production function to the data, and the smaller is the residual "measure of our ignorance". 
Pot TFP(Ls,Lu) Pot TFP(k,h) Pot TFP(C.) WTF(Ls,Lu)
Panel Cross-section
Note: "1" labels measures of technological progress in a given country.
"2" labels measures of technological progress at the WTF.
nical efficiency (distance to the frontier), as it does in the case of TFP growth and the Malmquist index, then the factor-only model does a better job in explaining productivity growth than residual technological progress. The opposite is true for WTF shift and potential TFP growth, where it is technological progress which explains a significantly larger fraction. The reason for this discrepancy lies with the treatment of technical efficiency changes. In the first two cases, it is part of the technological progress measure. In the latter two, it remains within the factor-only model.
We also see that generally all factor-only models do a better job in capturing productivity growth when the dataset is a cross-section rather than when it is a panel.
One reason for that might be that over the long run, productivity rises primarily due to factor accumulation and some frontier productivity growth, whereas in shorter time periods there is more room for efficiency changes. Finally, we also see that both in the panel and in the cross-section, the largest fraction of productivity growth is explained by factors if technological progress is estimated as the Malmquist index under the full information set I 4 .
4.3 Accounting for the variance of productivity growth, correlation with productivity growth, and forecast accuracy Table 3 and Figure 4 summarize a few more characteristics of each of the measures of technological progress, such as the variance of productivity growth accounted by the factor-only model, correlations with productivity growth, and forecast accuracy.
Obviously, each of these characteristics captures a different aspect of the productivity growth decomposition into "factors" and "technology", and thus -even though each statistic might be understood as some measure of "goodness of fit" -they cannot be used directly for picking winners and losers, or for judging which measure of technological progress is generally the "most appropriate" one. It clearly depends on the desired application. We do see several regularities, though.
The regularities are the following:
1. TFP growth is very strongly correlated with productivity growth, both in the cross-section and in the panel, which suggests a possible problem of an inappropriate functional form, but also leaves a relatively large fraction of productivity growth to be explained by factor accumulation which is a desirable property.
2. The Malmquist index is, however, visibly less correlated with productivity growth than TFP growth, especially in the cross-section, and leaves an even larger fraction of productivity growth to be explained by factor accumulation.
3. Potential TFP growth is very weakly correlated with productivity growth, especially in the temporal dimension. The factor-only model associated with this measure of technological progress does a bad job in explaining productivity's rate of growth, but a very good job in explaining its variance across countries and time. The fact that potential TFP growth accounts for a large fraction of Legend:
• "Levels" -percentage of total productivity growth explained by factor accumulation. Index P denotes averages over a panel of 5-year intervals spanning 1970-2000, index C denotes the cross-sectional average.
• "Corr." -correlation of the technological progress measures with productivity growth. Index P denotes averages over a panel of 5-year intervals spanning 1970-2000, index C denotes the cross-sectional average.
• "Variance" denotes the percentage of variance of productivity growth rates explained by the factor-only model, assuming that productivity growth equals the technological progress factor times the factor accumulation factor.
• "Var+cov" is the Caselli (2005) • MAE and RMSE denote, respectively, the mean absolute error and the root of mean square error, obtained when productivity growth is predicted ex post as the growth rate of the factor-only model.
differences in growth performances suggests that technological progress at the WTF is highly non-neutral and targets selected factor ratios only. Malm(Ls,Lu)
Share of variance explained by factors Correlation with output (panel) MAE (right axis)
4. WTF shift is robustly negatively correlated with productivity growth in the cross section. This is probably because of the convergence process in the data and the fact that technological progress is observed mostly in the domain of high physical and human capital intensities (cf. Kumar and Russell, 2002; Jerzmanowski, 2007) . Its factor-only model explains a very large part of variance of productivity growth across countries and time, corroborating the finding that technological progress at the WTF is highly non-neutral. Figure 4 is that all measures of technological progress in each given country (TFP growth, the Malmquist index) are highly correlated with productivity growth 9 but do a bad job in explaining its variance, whereas measures of technological progress at the WTF are weakly correlated 9 It is true particularly in the temporal dimension; in the cross-section, this correlation falls down to 0,041-0,235 for Malmquist indices.
The most striking general finding from
with productivity growth and do a good job in explaining its variance.
6. Enlarging the information set by including further factors of production increases the percentage of productivity growth explained by factors and lowers the correlation of each given measure of technological progress with productivity growth.
This regularity justifies the inclusion and the subsequent decomposition of human capital in the production function.
7. Increasing the precision of WTF estimates by adding auxiliary US state-level data to the dataset generally increases the percentage of variance explained by the factor-only model.
8.
The factor-only model does the best job in predicting productivity growth (that is, MAE and RMSE are minimized) when technological progress is defined as WTF shift, taking into account the decomposition of human capital into unskilled and skilled labor. This last decomposition is particularly important for reducing the ex post prediction errors of the factor-only model.
The difference between average performances of measures of technological progress
in each country and at the frontier in terms of forecast accuracy is statistically insignificant. This is probably due to the trade-off in accuracy of forecasting mean productivity growth which is better in the former case, and its deviations from the mean, which is better in the latter case.
Pairwise correlations
A further piece of information is conveyed in Table 4 , containing pairwise (Pearson) correlation coefficients among the 14 measures of technological progress. The graphical layout of Table 4 emphasizes the fact that what matters most for the "character" of a measure is the methodology of its construction, not the information set upon which it is based. All TFP growth measures are strongly correlated with each other, and so are all potential TFP measures, all WTF shift indices, and all Malmquist indices, whereas the correlation across methodologies is much less pronounced and in several cases it is actually negative. 
TFP ( in the panel. We suppose that both these effects can potentially be important.
Corollaries from the main results
The principal conclusion from the results presented above is that for different purposes, Both types of measures may be weakly, or even negatively correlated to each other, and yield diverging results.
Another conclusion stemming from the study is that the variances and correlations are significantly different in the temporal dimension than in the cross-sectional dimension. One reason is that there is a lot of variation in technical efficiency across countries, but this index changes relatively slowly in time. A different reason could be that there are "country-specific effects" due to production function misspecification active in the panel.
Yet another lesson here is that increasing the precision of WTF estimates helps in increasing all our "goodness of fit" measures. Obviously, this applies strongly to adding a human capital measure into the production function. Interestingly enough, however, this applies even more strongly to decomposing human capital into skilled and unskilled labor, and we also record visible increases in our "goodness of fit" measures when the dataset is enlarged by using auxiliary US state-level data on top of our OECD countrylevel data, even though these numbers are measured with admittable error. To see how large these improvements could be looks like a promising line of further research.
A comparison with van Biesebroeck (2007)
An insightful reader might notice that the current article has the same objective as the one carried out by van Biesebroeck (2007) , that is to compare the relative strengths and weaknesses of several alternative measures of factor productivity and technological progress. There are a few decisive differences between these two papers, though.
First, van Biesebroeck's paper focuses primarily on measuring productivity of individual firms, and ours -of countries. Second, his study is based on artificial data, and ours is based on real-world data. While his approach has the relative advantage of providing a clear-cut metric of "distance to reality" -because he knows exactly his data-generating process and we do not -it also has the disadvantage that the properties of that data-generating process might be actually distant from the properties of a process generating real-world data, if it exists at all. Indeed, van Biesebroeck's data are generated from a model economy endowed with a Cobb-Douglas production function, deformed by a number of stochastic shocks. If the world is not fundamentally CobbDouglas, however, his results will be biased in favor of methods where this functional form is explicitly assumed, such as his parametric stochastic frontier estimations.
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Third, most of the methods for computing technological progress considered by van Biesebroeck (2007) require the researcher to estimate the parameters of the production function and/or use data on the labor share in GDP, which we intentionally set aside in our analysis. In result, our study might be based on wrong calibrations, but for sure it will not face the problems of endogeneity of production decisions and equilibrium pricing behavior. Fourth, van Biesebroeck assumes the technology frontier to be the same for all periods of time. While that might be a legitimate assumption in industrial (micro)economics with relatively short time spans, it is certainly not in macroeconomic productivity analysis. Therefore in the current study we allow the WTF to shift in time, and we actually identify three out of four technological progress measures with appropriate functions of these shifts. 10 In particular, one of van Biesebroeck's conclusions is that parametric methods have a clear advantage over non-parametric ones when factors of production are measured with error. In his study, though, measurement error is assumed to be centered around a Cobb-Douglas production function, which likely drives this result.
5 Measuring technological progress at the frontier vs. measuring technological progress actually observed in each given country
If it indeed is the case that our measures of technological progress could be effectively clustered into two groups measuring different aspects of productivity growth as we claimed in the preceding sections, then this fact should show up in the results of factor analysis.
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Naturally, since our measures are computed under nested specifications and information sets, one should not reduce the number of dimensions by extracting principal components; factor analysis may however be effectively used for confirming that the aforementioned dichotomy is indeed a valid phenomenon.
In this regard, we see in Table 5 that two first principal components indeed explain more than 71% of total variance of the fictitious summary scale of (logarithms of) all 14 measures of technological progress. Adding two more components brings about a further increase of this number to about 91% of total variance. Such high numbers are reassuring that measurement problems have a relatively minor impact on the validity of our results. Now, it is instructive to see which variables enter each of the factors: Table 6 shows that there are clear patterns among factor loadings. The first, most important factor should be straightforwardly interpreted as "technological progress in the given country":
11 Since all our technological progress measures have a multiplicative nature (one should use the original ratios rather than the annualized growth rates), further analysis shall be carried out in logs instead of levels.
it contains all the variants of the Malmquist index and TFP growth, irrespective of the choice of information set.
Equally naturally, the second factor should be interpreted as "technological progress at the world technology frontier". This factor contains high loadings from all measures of potential TFP growth and WTF shift, the exception being the measures computed using country-level data only. We conjecture that this is due to the fact that with technological progress at the WTF, precision of its estimates matters more than with measures of progress actually observed in each given country. Since our sample is very small in the case of the country-only information set, we suppose that these measures could be contaminated with substantial error due to an imprecise WTF estimation. Table 6 : Factor loadings (no rotation). This last assertion is strengthened by inspection of the loadings of factor three, containing primarily potential TFP growth and WTF shift factors computed from countryonly data (as well as a negative contribution from the WTF shift factor computed with physical capital-only data). Hence, we conclude that there must be significant gains in precision in the WTF estimation when appending US state-level data to the countriesonly dataset, and that these gains are particularly vital for the computation of measures of technological progress at the frontier.
In sum, the results of our confirmatory factor analysis support the conclusion that two types of technological progress should be clearly distinguished: in each country, and at the frontier. Corroborating this result even more, we also find that when one attempts to construct a summary scale of our alternative technological progress measures (again, in logs), then by stepwise deletion of dimensions, one is able to arrive at a scale with a standardized Cronbach's alpha coefficient of 0,9799 which cannot An auxiliary use of US state-level data is particularly helpful in this respect.
Finally, one should note that it is not methodologically sound to take the factors obtained in the above factor analysis nor the aforementioned summary scales as valid measures of technological progress. They should rather be considered artificial constructs used to support (or invalidate) our hypotheses. The reasons are that (i) the information sets are nested, so it should always be an improvement to use a larger dataset, provided that the addition is not dominated by measurement error, and that
(ii) the measures of technological progress have been constructed using conflicting assumptions on the shape of the aggregate production function so that they cannot be reconciled with each other.
Conclusion
The current article has brought together fourteen approaches to the measurement of There above study could be extended in the following ways. The first idea would be to compare the predictions on cross-country measures of technological progress from deterministic non-parametric frontier models with their counterparts from stochastic parametric frontier models, preferably based on the translog production function specification. Another question which could be addressed is, how large is the uncertainty in the non-parametric estimations of the WTF, underlying the measures of technological progress discussed above. This question could be addressed with the use of recently developed bootstrap techniques for non-parametric frontier models. We have however decided to drop Luxembourg and the DC from our analysis because of the strong indication that these entities' productivity might be significantly overestimated because of workers commuting from outside of the territory (such as Belgium and France for Luxembourg, or Virginia and Maryland for DC).
Data appendix
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We have also removed Germany from our sample because of the unification shock present in the data.
Furthermore, since the DEA method is extremely sensitive to outliers, we have also decided to drop US states with largest long-term average mining shares in the gross state product. There is an indication that productivity of these states might be overestimated since their gross state product encompasses substantial resource rents which are not captured in the estimated production function. These states are Alaska, Colorado, Louisiana, Nevada, New Mexico, Utah, West Virginia, and Wyoming.
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We also dropped Delaware and New Hampshire as small, specialized economies with comparatively unusual tax systems.
14 12 Admittedly, this caveat applies to some other EU countries and US states as well. The larger is the country or state, however, and the more likely is commuting to be bi-directional, the less important this problem becomes for our aggregate results. 13 The sparsely populated oil-producing Alaska is probably the most remarkable among these states.
With its mining share in GDP peaking at 50% in 1981, the state turned out to span the WTF any time it entered the estimation procedure, subsequently lowering the efficiency factor in most other US states by as much as 10-30 percentage points. 14 In particular, Delaware is known as a within-US "tax haven" and a major center of credit card issuers. When included in the sample, both Delaware and New Hampshire tended to span the technology frontier at almost all years 1970-2000. Also, the number of frontier observations increased markedly after these states had been dropped. We consider this fact to be an indication that they The data we are using are set in per worker terms. This means that we abstract from the issues of labor market participation which may result in additional per capita productivity differences, and of the variation in hours worked per worker which means that our analysis convolutes productivity differences with labor-leisure choice of the employees: ceteris paribus, an increase in hours worked per worker will be reflected by increases in "productivity" as we measure it even though technology as such is unchanged. It is however difficult to find reliable and comparable data on hours worked per capita both across OECD countries and US states which would date back at least until 1970.
For international data on GDP and GDP per worker, we use the Penn World indeed were outliers in our sample. 15 As a side effect, this adjustment helps solve the problem of the discontinuity between 1996 and 1997 in BEA data on the gross state product, arising due to a change in measurement methodology.
Under this assumption, the overall (private and public) investment share is s/ (1 − g) where s is the private investment share and g is the government share. Furthermore, 
The overall human capital index can be computed as the sum of unskilled and skilled
. We have however allowed these two types of labor to be imperfectly substitutable, and enter the production function separately. The perfect substitution case where only total human capital matters is an interesting special case of our generalized formulation; the data do not support this assumption, however.
Special attention should be paid to the cutoff point of 12 years of schooling delineating unskilled and skilled labor. It is roughly equivalent to the requirement of having completed secondary education to be skilled: secondary education is usually completed after 12 years of schooling (13 in some countries). We have thus assumed that everyone who has not completed high school is counted as unskilled, and who has -as skilled. This cutoff point seems adequate for OECD economies in our samplewhich are usually technologically advanced and highly capitalized -though it might be set too high if developed economies were to be considered as well (cf. Caselli and Coleman, 2006). Another measurement problem which may potentially appear but which 16 We have found a roughly steady surplus of 8 percentage points in the share of population with less than high school completed in the National Priorities Database as compared to D-D, compensated by a shortage of 5.3 pp. in high school graduates, and of 2.7 pp. in the "some college" category. We have thus added/subtracted these values from the US state-level figures to guarantee coherence at the aggregate US level, keeping in mind that this procedure could have introduced some additional error.
we do not consider a major obstacle here given our sample choice, is that schooling quality at different grades may vary across countries and states. This pertains both to the split between skilled and unskilled population and the estimates of aggregate human capital. Controlling for this heterogeneity is left for further research.
